Stormwater biofilters are not currently optimised for pathogen removal since the behaviour of these pollutants within the stormwater biofilters is poorly understood. Modelling is a common way of optimising these systems, which also provides a better understanding of the major processes that govern the pathogen removal. This paper provides an overview of a laboratory-scale study that investigated how different design and operational conditions impact pathogen removal in the stormwater biofilters. These data were then used to develop a modelling tool that can be used to optimise the design and operation of the stormwater biofilters. The model uses continuous simulations where adsorption and desorption were dominant during wet weather periods and first order die-off kinetics were significant in dry periods between the wet weather events. Relatively high Nash Sutcliffe Efficiencies (>0.5) indicate that the calibrated model is in good agreement with observed data and the optimised model parameters were comparable with values reported in the literature. The model's sensitivity is highest towards the adsorption process parameter followed by the die-off and desorption rate parameters, which implies that adsorption is the governing process of the model. Vegetation is found to have an impact on the wet weather processes since the adsorption and desorption parameters vary significantly with the different plant configurations. The model is yet to be tested against field data and needs to be improved to represent the effect of some other biofilter design configurations, such as the inclusion of the submerged zone.
INTRODUCTION
It is important to reduce pathogen levels in stormwater to ensure it can be utilised safely for stormwater harvesting applications and recreational uses. Although stormwater biofilters have shown promising results in reducing the pathogen levels (Hathaway et al. ) , it is not yet well understood as to how the pathogens are removed in these systems (Rusciano & Obropta ) . As such, biofilters are not currently optimised for pathogen removal. Modelling these systems helps to design and optimise the stormwater biofilters' pathogen removal capacity, at the same time providing a better understanding about the governing processes.
Past research suggests that faecal microorganisms are removed by sand/soil filtration systems through a combination of transport and survival processes, including straining, adsorption, inactivation due to temperature and moisture, predation and competition (Stevik et al. ; Rusciano & Obropta ; Zhang et al. ) .
However, incorporation of these major mechanisms and the factors that affect each of them into a predictive model is a challenging task (Tufenkji ) , which underpins the scarcity of models on faecal microbial fate and transport. There are some predictive models on faecal microbial fate and transport for wastewater/groundwater treatment (Yates & Yates ; Tufenkji ) , which can provide insight into stormwater models. However, there are inherent differences between stormwater and wastewater/groundwater characteristics (quality, quantity and frequency/intermittency), which reduce the transferability of this knowledge.
The most common approach in modelling microbial transport in porous media involved the use of a onedimensional advectionÀdispersion equation, which simulates movement of microorganisms, coupled with some sink terms to represent retention and inactivation processes (Tufenkji ) . However, most studies have used single event simulation, which means they neglect both die-off and desorption processes, which are extremely important for faecal microbial behaviour in urban stormwater biofilters. Both Zhang et al. () and Chandrasena et al. () found that the microbes that are adsorbed by a biofilter during one rainfall event undergo significant survival/die-off processes during the dry weather periods between events. Furthermore, Tong et al. () and Chandrasena et al. () both found that remaining viable microbes within the media from previous dosing/events can be desorbed and carried through the filter.
As such, only a few attempts have been made to model pathogen behaviour in stormwater biofilters and the available models overlook the intermittent nature of stormwater. Selection of processes seemed to be specific to an individual study. The main objective of this study was to develop a predictive model for the faecal indicator microorganism, Escherichia coli (E. coli), removal in the stormwater biofilters, taking into account the major removal mechanisms and the intermittent nature of urban stormwater. In order to develop this model, it was first required to understand the major processes that govern the removal of E. coli in these systems. Since the relative contribution of each process is still poorly understood, a set of laboratory-scale biofilter columns was tested under different operational conditions to elucidate the major processes that govern E. coli removal in the stormwater biofilters. Then the findings from this laboratory-scale experiment, together with the current knowledge on fate and transport of microorganisms in porous media, were used to develop a preliminary model of E. coli removal in the stormwater biofilters.
METHODOLOGY
Two stages were used to meet our objectives. The first stage included a laboratory-scale biofilter column study, which was aimed at understanding the major processes governing E. coli removal in the biofilters, and this stage of the work has previously been presented in Chandrasena et al. () . The second stage was the development of a preliminary predictive model based on the experimental results and the available literature. The scope of this paper is on the predictive model, hence only a summary of the laboratory-scale experiment is provided below for clarity. (Please refer Chandrasena et al. () for the full column dosing experimental details.)
Laboratory experiment
The laboratory experiment used 25 square (300 × 300 × 600 mm deep) biofilter columns with well-established vegetation (>15 months old). The columns, built according to the FAWB () adoption guidelines for stormwater biofltration systems, included three layers: a loamy sand filter media (400 mm), a transition layer of washed sand (100 mm) and a drainage layer of gravel (100 mm) containing a collection pipe. Five vegetation configurations were tested, with five replicates each to allow for statistical comparisons. The five configurations varied according to the type and mixture of plants used: (1) four Carex appressa (C4/L0), (2) three C. appressa and one Lomandra longifolia (C3/L1), (3) two C. appressa and two L. longifolia (C2/L2), (4) one C. appressa and three L. longifolia (C1/L3), and (5) four L. longifolia (C0/L1).
These biofilter columns were dosed with a range of E. coli concentrations in such a way that varying levels of antecedent dry weather periods occurred between the total of eight dosing events (see Table 1 ). E. coli cultures (ATCC#11775) were added to dechlorinated tap water in four of the dosing events, and stormwater pond sediments were also added to the mixture in the other four events to create two different inflow types, namely 'E. coli only inflow' and 'E. coli þ sediment inflow'. An automated delivery system was used to supply 12.6 L of inflow solution at a rate of 190 L/min; this rate was the same for all columns and all events/runs. After delivery to the columns, the stormwater was allowed to gravity drain; the average stormwater infiltration rate through the columns was 51 mm/hr with a standard deviation of 27 mm/hr. Composite samples were collected from the inflow and the column outlets. E. coli concentrations in all samples were analysed using the Colilert™ method (IDEXX-Laboratories ). It should be noted that in cases where the outflow concentration was lower than the detection limit (1 MPN/100 mL), half of this value was used for statistical analysis (plotting and table summary statistics). Figure 1 summarises the overall E. coli removal performance for the C4/L0 configuration, whereas Table 2 shows log removal achieved during each run for the five configurations tested. Since it was found that E. coli particle association was minimal with the sediment present in the inflow during the laboratory column experiment (Chandrasena et al. ) , it was hypothesised that the observed difference in the overall removal performance was mainly governed by the inflow concentration and the length of antecedent dry period instead of the interaction of sediment with the removal performance. As explained in the previous stage of the current work in Chandrasena et al. () , adsorption, desorption and die-off are the major processes that govern E. coli removal in the stormwater biofilters. During a wet weather period (or during a stormwater application), a portion of the E. coli in the stormwater is retained within the biofilter by adsorption, while some is transported to the outlet. During the dry weather periods between events (i.e. antecedent dry weather periods), the retained E. coli experience die-off, which is dependent on desiccation of the media, temperature, predation and competition (Ferguson et al. ) . During subsequent inflow applications, a portion of the retained and viable E. coli can be re-mobilised and transported to the outlet, together with the newly applied E. coli that are not adsorbed by the filter. The relative proportion of the new and old (i.e. retained then re-mobilised) E. coli at the outlet depends on the inflow concentrations of each event and the length of the antecedent dry weather period (which influences the survival processes).
Preliminary modelling algorithms
As mentioned above, previous models of microbial removal in the biofilters were either limited to single event simulations or overlooked the significance of desorption and the die-off process. However, as we have demonstrated that both desorption and antecedent dry weather periods were important for governing outflow concentrations (see Chandrasena et al. () ), this current model includes both of these processes. As outlined in the laboratory-scale experiment, adsorption, desorption and die-off were the major processes governing E. coli removal in the stormwater biofilters. Adsorption and desorption was assumed to be dominant during wet weather periods and die-off was assumed to be significant only during dry weather periods, mainly because of the short duration of rainfall events compared with dry weather periods (Tufenkji ). The above mentioned processes were modelled in a simplified manner as outlined below:
• adsorption was a function of the number of E. coli present in inflow and the pore water velocity (Tufenkji ; Zhang et al. );
• desorption was a function of the number of E. coli that remained in the filter media and the pore water velocity (Tong et al. );
• die-off was modelled as a first order decay function with time (Crane & Moore ).
Therefore the modelling equations were written as follows.
During wet weather:
During dry weather:
where L out is outflow E. coli load (MPN); L in is measured inflow E. coli load (MPN), which is calculated using the measured E. coli concentration (MPN/L) and measured inflow volumes (L); t w is infiltration period (hr) taken as 3 hr; t d is time between dosing events (days); k a is attachment rate (hr À1 ); k e is detachment rate (hr À1 ); k d is first order dieoff rate (day À1 ); M t is viable number of E. coli that remain in the biofilter at time t (MPN); M i is number of viable E. coli within the biofilter at the beginning of a dry weather period. The predicted outflow load is converted into concentrations using the following equation so that we can compare model outputs with the measured E. coli outflow concentrations:
where C out is outflow E. coli concentration (MPN/L); V out is outflow volume (L), which is assumed to be equal to the measured inflow volume (i.e. it is assumed that negligible water is lost through the system). Next, a relationship between the attachment and detachment rates in (1) and the porewater velocity of each biofilter column was obtained through literature surveys (Tufenkji ) . Hence, attachment and detachment rates were then written as in (5) and (6) respectively (similar to that found in Tufenkji ()). It should be noted that the following equations used in this study clearly represent the fact the adsorption decreases with the increased infiltration rate and the desorption increases with the increased infiltration rate (Stevik et al. ) .
where v is porewater velocity (mm/hr À1 ); A, B, D are the calibration constants. By applying (4) and (5) to (1), the model equation during wet weather becomes:
Model calibration and testing
The data described in Section Laboratory Experiment were used for calibration of the four model parameters: k d , A, B and D. In total, 25 models were established, one for each of the tested columns (five replicates and five configuration types -C4/L0, C3/L1, etc.). However, the calibration process was performed in groups, meaning that we first calibrated the five C4/L0 models simultaneously using the same parameters in each model, and then the five C3/L1 models, etc. A simple Monte-Carlo based calibration process was used to obtain the best parameter set and parameter distributions for each configuration type. The following outlines the calibration procedure:
• Randomly generate 160,000 parameter sets, using lognormal distributions for the four parameters (A [0.1, 1000], k d , B and D [10 À4 , 1]).
• Introduce the first randomly generated parameter set into the five C4/L0 models (whereby one model represents one of the five replicates tested).
• For this parameter set, record the predicted outflow concentrations (L out /V out ) for each replicate of the C4/L0 configuration for the eight sampling runs (i.e. 40 data points are recorded). For each sampling run, the five predicted outflow concentrations (from each replicate) were used to estimate the 95th percentile confidence interval (i.e. 2.5th and 97.5th percentile concentrations). Also for each sampling run, calculate the 95th percentile confidence interval using the measured outflow concentrations.
• For this parameter set, record the proportion of runs whereby the measured and predicted confidence intervals overlapped (called 'intersection' from now on). That is, if the measured and predicted confidence intervals overlapped in six of the eight sampling events, then the intersection was recorded as 75% for that parameter set.
• Repeat the above steps for all 160,000 randomly generated parameter sets, and then repeat for the other four configuration types (i.e. C3/L1, C2/L2, C1/L3, C0/L4).
From the above procedure, the parameter set that achieved the best coverage (i.e. closest to 100%) was termed the optimised parameter set and was used to create plots to determine the efficiency of the model for each configuration type (Nash Sutcliffe Efficiency criterion was also used). To determine the sensitivity of the parameters, a cut-off threshold of 75% coverage was used to distinguish between behavioural and non-behavioural parameter sets; the behavioural parameter sets were then used to create parameter distributions. These behavioural parameter sets were also then used to determine parameter interaction (or cross-correlation).
RESULTS AND DISCUSSION

Model calibration
Optimised parameter sets for the five different plant configurations obtained through the above mentioned calibration procedure together with the two performance assessment measures: the Nash Sutcliffe Efficiency criterion (comparison between the measured and predicted concentrations for the five replicates and the eight sampling runs (n ¼ 40)) and the coverage (the percentage of the runs where the predicted and measured 95th percentile bounds overlap) are presented in Table 3 . (Table 3 also shows the optimised calibration parameter sets when maximising the average coverage for all five configuration types). Related model performance for each of the optimised parameter sets is shown in Figure 2 . It is evident that the model performed well as the majority of the observed outflow concentrations are scattered around the 1:1 line. Relatively high Nash Sutcliffe Efficiency values shown in Table 2 also reinforce this finding.
The dry weather process parameter (k d ) is almost within the same order of magnitude for all the configurations, which may suggest that the entrapped E. coli experience similar stresses in all the configurations during dry weather periods. However, as the wet weather parameters (A and D, for example) vary more significantly, it may indicate that the plant configuration has a significant effect on the wet weather processes (adsorption and desorption). For instance, it can be seen that the adsorption parameter A increases when the proportion of L. longifolia plants increases (i.e. moving from C4/L0 to C0/L4); this may suggest that the L. longifolia roots provide enhanced adsorption. Similar trends can be seen for Parameter B. However, a further investigation of how the adsorption and desorption capacities and even the die-off rate vary with root characteristics such as root length and fine/coarse roots should be carried out to understand how vegetation selection affects the wet and dry weather removal processes.
The optimised model parameter values were also compared against those reported in the literature. Parameters related to the wet weather processes are shown in Table 4 and that of the dry weather are shown in Table 5 . It should also be noted that all of the other transport studies were conducted in small non-vegetated columns under very controlled conditions. It can be seen that the parameter A values from the current study are within the range reported in the literature. On the other hand, a comprehensive data set for parameter B and D could not be derived since, in most of the literature, the desorption process was either neglected or incorporated into a net attachment/retardation rate or there were not enough data to derive the two parameter values. However, Tong et al. () did estimate these rates for transport of a soil bacterium in glass bead columns; while the values obtained in this study can fall within these estimates (e.g. 'All' in Table 3 ), the majority of parameter D values obtained in this study are much smaller than those reported by Tong et al. () , while the opposite was seen for parameter B. Combining these parameters together into Equation (5) demonstrates that the desorption found in this study occurred at a lower rate than compared to those found in glass bead columns; this could be because the media used in this study (i.e. loamy sand) provides a more stable adsorption compared with glass beads, thereby reducing the desorption process. The optimised k d value of the model is also within the reported first order E. coli die-off rates in soil. This again reinforces our hypothesis that the entrapped E. coli within the biofilter experience considerable die-off during the dry weather periods between events. It also implies that this dry weather survival of the entrapped E. coli should be carefully addressed in field-scale biofilter management, since these bacteria can pose a significant risk due to potential leaching during subsequent events. The current results suggest that extended dry weather periods between storm events may reduce the risk of leaching previously entrapped bacteria within the filter media due to die-off during the dry period. However, it should also be noted that there is other research that demonstrates that such extended dry periods have a negative impact on pollutant removal, including E. coli (Li et al. ) in the stormwater biofilters. Therefore, further research is warranted to investigate how the antecedent dry periods affect the overall E. coli removal in the stormwater biofilters.
Model sensitivity
Results of the sensitivity analysis are shown in Figure 3 . This plot provides information about sensitivity of the parameters and the interaction between each of the parameters. A clear peak in a parameter distribution (diagonal histograms) indicates that the model is very sensitive to that parameter while a flat shape indicate that the model is insensitive to that parameter (Dotto et al. ) . Therefore, it can be concluded that the model's sensitivity is highest towards parameter A, which indicates that adsorption is the governing process of the model. The model is also sensitive to parameters k d and B but the flat parameter distribution of parameter D reveals the model's insensitivity towards it.
Correlation between parameters was also observed, which can suggest that different combinations of the parameter sets can lead to the same results (Dotto et al. ) . It can be seen that there is a statistically significant correlation (p < 0.01) between the two parameter sets k d vs. B and B vs. D. Equation (5) suggests that parameters B and D are intrinsically related. The model's insensitivity towards parameter D could be explained from this correlation. As both of the parameters represent one process and both are correlated, each parameter can compensate for the changes of the other and, hence, only one of the parameters B or D need to be sensitive to suggest that the process of desorption is important.
CONCLUSIONS AND FUTURE WORK
The preliminary model developed in this study of E. coli removal performance by the stormwater biofilters showed good agreement with the observed performance. Hence, it can be concluded that E. coli removal in the stormwater biofilters can be adequately simulated using the selected set of major wet weather processes (adsorption and desorption) and dry weather processes (die-off). It can also be concluded that of the three simulated processes, the adsorption is the governing process of the model. Preliminary modelling results also suggest that the biofilter vegetation is important in E. coli removal in stormwater biofilters. However, this model still needs to be calibrated and tested against field data and the model should be further improved to represent the effects of other important biofilter design parameters such as inclusion of the submerged zone.
